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ABSTRACT
We present a catalog of stellar age and mass estimates for a sample of 640 986 red giant
branch (RGB) stars of the Galactic disk from the LAMOST Galactic Spectroscopic Survey
(DR4). The RGB stars are distinguished from the red clump stars utilizing period spacing
derived from the spectra with a machine learning method based on kernel principal component
analysis (KPCA). Cross-validation suggests our method is capable of distinguishing RC from
RGB stars with only 2 per cent contamination rate for stars with signal-to-noise ratio (SNR)
higher than 50. The age and mass of these RGB stars are determined from their LAMOST
spectra with KPCA method by taking the LAMOST - Kepler giant stars having asteroseismic
parameters and the LAMOST-TGAS sub-giant stars based on isochrones as training sets.
Examinations suggest that the age and mass estimates of our RGB sample stars with SNR >
30 have a median error of 30 per cent and 10 per cent, respectively. Stellar ages are found to
exhibit positive vertical and negative radial gradients across the disk, and the age structure of
the disk is strongly flared across the whole disk of 6 < R < 13 kpc. The data set demonstrates
good correlations among stellar age, [Fe/H] and [α/Fe]. There are two separate sequences
in the [Fe/H] – [α/Fe] plane: a high–α sequence with stars older than ∼ 8Gyr and a low–α
sequence composed of stars with ages covering the whole range of possible ages of stars. We
also examine relations between age and kinematic parameters derived from the Gaia DR2
parallax and proper motions. Both the median value and dispersion of the orbital eccentricity
are found to increase with age. The vertical angular momentum is found to fairly smoothly
decrease with age from 2 to 12Gyr, with a rate of about −50 kpc km s−1Gyr−1. A full table of
the catalog is public available online.
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1 INTRODUCTION
Understanding the stellar population and assemblage history of
the Milky Way requires detailed information for a large number
of stars in full dimensionality, including 3D positions, 3D veloc-
ities, mass, age, and elemental abundances. Thanks to the imple-
ment of the Gaia space mission (Gaia Collaboration et al. 2016,
2018) and a few ground-based large-scale spectroscopic surveys,
such as the the LAMOST Experiment for Galactic Understand-
⋆ E-mail: wuyaqian@nao.cas.cn; gzhao@nao.cas.cn
† E-mail: msxiang@nao.cas.cn
ing and Exploration (LEGUE; Deng et al. 2012; Zhao et al. 2012),
the Apache Point Observatory Galactic Evolution Experiment
(APOGEE; Majewski et al. 2010) and GALAH (Freeman 2012;
De Silva et al. 2015), such stellar data set now can be achieved.
Among those stellar information (parameters), the age can
hardly be observed or measured directly but usually have to be
inferred indirectly relying on stellar models (Soderblom 2010).
A widely adopted method is to match the stellar atmospheric pa-
rameters with stellar isochrones in the H-R diagram. The method
delivers robust stellar ages for millions of stars (e.g. Xiang et al.
2017a; Mints & Hekker 2017; Sanders & Das 2018). However, the
method only work well for main-sequence turn-off and sub-giant
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stars, but cannot give precise ages for red giant stars because stellar
isochrones of different ages are tightly crowded together in the red
giant phases. Red giant stars are important tracers of the Galactic
structure due to their bright luminosities and large numbers in the
Galaxy. Delivering reliable age estimates for a large sample of red
giant stars is timely for the study of Galactic structure and archae-
ology.
Since the age of a low-mass red giant star is dominated by
the life time of its main-sequence evolutionary phase, one can ob-
tain good age estimate from stellar evolutionary tracks if the stel-
lar mass is known accurately (Ness et al. 2016; Martig et al. 2016;
Wu et al. 2018). With this approach, Martig et al. (2016) obtained
ages for 1475 APOKASC stars (Pinsonneault et al. 2014) that have
mass estimates based on asteroseismology of the Kepler data.
The APOKASC sample is further adopted as a training data-set
to deliver mass and age estimates from the APOGEE and LAM-
OST spectra with either a data-driven approach (Ness et al. 2016;
Ho et al. 2017; Ting et al. 2018) or an empirical relation with C and
N abundances (Martig et al. 2016; Ness et al. 2016; Sanders & Das
2018).
With this approach, Wu et al. (2018) obtained precise ages of
6940 red giant branch (RGB) stars in the LAMOST-Kepler project
(De Cat et al. 2015, Ren et al. 2016, Zong et al. 2018), whose
masses are determined with asteroseismic scaling relation using the
seismic parameters of Yu et al. (2018). Typical uncertainty of the
mass estimates is a few per cent, and that of the age estimates is
∼ 20 per cent. Wu et al. (2018) also investigated the feasibility of
deducing age and mass directly from the LAMOST spectra with
a machine learning method based on kernel based principal com-
ponent analysis (KPCA) by taking the LAMOST-Kepler sample
stars as a training data set, and show that the stellar age thus de-
rived achieve a precision of ∼ 24 per cent.
In this paper, we apply our method in Wu et al. (2018) to the
LAMOST DR4 spectra database, and present a catalog of mass
and age estimates for RGB stars in the LAMOST forth data re-
lease (DR4). A challenge in our work is to distinguish RGB stars
from the red clump (RC) stars in the LAMOST database. In the Teff
– log g diagram, the RGB and RC stars have overlaps due to metal-
licity effect. Since the metallicity determinations from the spectra
have considerable errors, a simple cut in the Teff – log g to distin-
guish RC and RGB stars (e.g. Bovy et al. 2014; Huang et al. 2015)
may lead to considerable contaminations or undesired patterns. On
the other hand, it has been suggested that the C and N abundances in
the photosphere of a low-mass star change continuously as the star
ascending the red giant branch due to non-canonical extra mixing
processes (e.g. Charbonnel 1995, Charbonnel et al. 1998, Martell
et al. 2008, Masseron et al. 2017, Hawkins et al. 2018). It is there-
fore expected that RC stars have different photospheric C and N
abundances respect to their RGB progenitors, and thus can be dis-
tinguished from RGB stars using spectra (e.g. Hawkins et al. 2017,
Ting et al. 2018).
In this work, we estimate the period spacing ∆P from the spec-
tra with a machine learning method by taking the LAMOST-Kepler
sample as training dataset, and classify the RGB and RC stars with
∆P and log g. Our method is found to have a contamination rate
of only 2 per cent to select RGB stars given high (> 50) spectral
signal-to-noise ratio (SNR). With this method, we select 866 315
RGB spectra from LAMOST DR4. The sample stars are found to
have a median error of 10 per cent in mass and 30 per cent in age
estimates for stars with SNR > 30. For 0.20 million stars that have
SNR higher than 50, the age estimates have random errors even
smaller than 20 per cent. With this large RGB sample, we inves-
tigate the distribution of stellar ages in the disk R – Z plane, the
relations between stellar age, metallicity and abundances, as well
as relations between age and kinematic parameters derived from
the Gaia DR2 parallax and proper motions.
The paper is organized as follows. Section 2 introduces the
LAMOST data and how to select the LAMOST RGB star sample.
Section 3 describes the mass and age estimation of the LAMOST
RGB stars. Statistical properties of the RGB samples is presented
in Section 4, followed by conclusions in Section 5.
2 SELECT LAMOST RGB SAMPLE
2.1 LAMOST Data
In the forth data release (DR4), the LAMOST Galactic Survey
(Deng et al. 2012; Zhao et al. 2006, 2012) released more than 7
million spectra observed with LAMOST (Cui et al. 2012) by June,
2016. Stellar parameters, including radial velocity Vr, effective
temperature Teff , surface gravity log g, and metallicity [Fe/H], are
delivered from the spectra with the LAMOST Stellar Parameter
pipeline (LASP; Wu et al. 2011; Luo et al. 2015). The LASP stel-
lar parameters are publicly available via the LAMOST official data
releases (Luo et al. 2012, 2015).
Stellar parameters, including Vr, Teff , log g, [Fe/H], interstel-
lar reddening EB−V , absolute magnitudes MV and MKs , α-element
to metal (and iron) abundance ratio [α/M] and [α/Fe], as well as
carbon and nitrogen abundance [C/H] and [N/H], have also been
derived with the LAMOST Stellar Parameter Pipeline at Peking
University (LSP3; Xiang et al. 2015a, 2017b), utilizing spectra pro-
cessed with an independent flux calibration pipeline aiming to get
better treatment with interstellar extinction of the flux standard stars
(Xiang et al. 2015b, 2017c). Stellar parameters deduced with LSP3
for targets in the LAMOST Spectroscopic Survey of the Galactic
Anticentre (LSS-GAC; Liu et al. 2014, Yuan et al. 2015), which
is one of the major components of the LAMOST Galactic survey,
as well as values of extinction, distance, and orbital parameters in-
ferred using the LSP3 stellar parameters, are publicly released as
the LSS-GAC valued-added catalogs (Yuan et al. 2015; Xiang et al.
2017b). An extended application of the LSP3 to the whole data
set of LAMOST DR4 leads to a value-added catalog of LAMOST
DR4, which contains Vr, Teff , MV , log g, [Fe/H], [α/Fe], [C/H],
[N/H], extinction and distance for 6 597 527 spectra of 4 373 824
stars. This value-add catalog of LAMOT DR4 has been also public
available from the LAMOST official website1. Given a pixel spec-
tral SNR higher than 50, stellar parameters yielded by LSP3 have
typical precision of about 100 K for Teff , 0.1 dex for log g, 0.3 –
0.4mag for MV and MKs, 0.1 dex for [Fe/H], [C/H] and [N/H], and
better than 0.05 dex for [α/M] and [α/Fe] (Xiang et al. 2017c). Uti-
lizing the criteria of Teff < 5500K and log g < 3.8 dex, we obtained
more than 1.0 million LAMOST spectra of giant stars. This sample
contains giant stars of all evolutionary stages (e.g. RGB, RC, AGB
etc.), as the Teff and log g criteria themselves cannot clearly tell the
evolutionary stages.
2.2 Classification of RGB and RC
In the HR diagram, both RGB and RC stars could appear at the
same region (e.g. Teff ∼ 4800K, log g ∼ 2.4 dex). However, in
stellar physics, RGB and RC are two different evolutionary states.
1 http://dr4.lamost.org/doc/vac
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RGB stars are evolved stars that burn hydrogen in a shell around an
inert helium core (Iben 1968) whereas RC stars burn with helium.
Considering the fact that RC stars suffer from significant mass loss
which is poorly constrained with the current data, and the impact
of the mass loss on age estimation remained to be investigated in
detail. In this work, we therefore focus on age estimation for RGB
stars. In this section, we introduce how to select RGB stars from
the above 1.0 million LAMOST red giant stellar spectra.
Asteroseismology has become the gold standard for
distinguishing RGB and RC stars (Montalba´n et al. 2010;
Bedding et al. 2011; Mosser et al. 2011, 2012; Stello et al. 2013;
Pinsonneault et al. 2014; Vrard et al. 2016; Elsworth et al. 2017).
The solar-like oscillations in red giant stars arise from near-surface
convection and can have acoustic (p-mode) and gravity (g-mode)
characteristics (Chaplin & Miglio 2013). P modes are always
associated with the stellar envelope with pressure as restoring
force, while g modes are from the inner core with buoyancy as
restoring force. The observed stellar pulsations of evolved stars
are ’mixed modes’ which include information of p modes and g
modes. Given the same luminosity and radius, the core density
of RC stars is lower than that of RGB stars, which causes a
significantly stronger coupling between g- and p- modes and leads
to larger period spacing (Bedding et al. 2013). Then we can dis-
tinguish RGB stars and RC stars accurately from large frequency
spacing (∆ν) and period spacing (∆P). However, currently it is
hard to obtain accurate large frequency spacing and period spacing
for large samples of giant stars utilizing asteroseismology. On
the other hand, as introduced in Section 1, the RC stars have
different C and N abundances respect to their RGB counterparts,
as a consequence of non-canonical extra mixing processes in the
RGB phase. It is therefore expected that there exists physical
correlation between the period spacing and the photospheric C and
N abundances for RGB and RC stars. So that it is plausible to build
empirical (data-driven) model to infer the period spacing from
stellar spectra by making full use of carbon and nitrogen features,
and thus further clarify RGB and RC stars. Such a data-driven
approach to classify RGB and RC has been shown to be practical
and effective on APOGEE spectra by Hawkins et al. (2017), and
has been successfully applied to APOGEE DR14 and LAMOST
DR3 by Ting et al. (2018). Here we estimate the ∆ν and ∆P from
the LAMOST spectra with a machine learning method based on
KPCA, and then distinguish RGB and RC stars utilizing these two
parameters.
Accurate large frequency spacing and period spacing for a
few thousand stars have been derived from their power spectra
with the Kepler photometry (Stello et al. 2013; Mosser et al. 2014;
Vrard et al. 2016; Elsworth et al. 2017). Among these results, we
found that the sample of Vrard et al. (2016) is a most complete
one with good accuracy. A cross-identification of the LAMOST-
Kepler stars with the sample of Vrard et al. (2016) yields 3973
LAMOST spectra of 3422 unique stars in common. Among them,
2705 stars have spectral signal-to-noise ratios (SNRs) higher than
50, including 807 RGB stars, 1623 RC stars and 235 secondary
RC stars. Similar to method discussed in Wu et al. (2018), we di-
vided this sample into two groups of equal number, one group is
adopted as the training set to estimate ∆ν and ∆P of the other, test-
ing group of stars from the LAMOST spectra with a multivariate
linear regression method. The regression method trains a relation
between the parameters (∆ν, ∆P) and principal components de-
rived from the spectra with the KPCA algorithm (Scho¨lpokf et al.
1998; Mu¨ller et al. 2001; Xiang et al. 2017b). To avoid over-fitting,
we have added a L2 regularization term to the loss function (least
Figure 1. The dispersion of the relative residuals of period spacing for both
the training and test samples as a function of NPC. Red squares represent
test sample, blue squares represent training sample.
squares) of the regression. Fig. 1 plots the dispersion of the rela-
tive residuals of period spacing between results generated by the
KPCA-based regression method from the spectra and the astero-
seismic values for both the training and testing groups as a function
of NPC. The dispersion for both the testing sample and the training
sample gradually decreases with the increase of principal compo-
nent (PC), and the trend becomes nearly flat at large number of PC.
We therefore adopt 100 PCs as an optimal choice for the estimation
of the ∆ν and ∆P in this work.
The left panel of Fig. 2 shows a comparison of period spacing
deduced with the KPCA method and the seismic values for testing
sample, with NPC =100. Blue dots represent RGB stars, red dots
represent RC stars and green dots represent secondary RC stars.
For period spacing, the seismic values show two parts that are well
separated, one is higher than 200s, which represents RC stars, and
the other is lower than 100s which indicates RGB stars. It shows
that our KPCA results from the spectra well reproduce the ∆P of
RC stars. While although ∆P of the RGB stars are relatively poor
estimated, most of them have values smaller than 200s, which are
still distinguishable from that of the RC stars.
Since the LAMOST spectra contains information of stellar
surface gravity, which is related to the large frequency spacing.
We use the relationship between the surface gravity and the pe-
riod spacing when we select RGB and RC from the spectra. The
right panel of Fig. 2 plots the distribution of period spacing and
surface gravity with testing sample, these stellar period spacing are
deduced from the LAMOST spectra. It can be seen that the pe-
riod spacing deduced from the KPCA could distinguish RGB stars
and RC stars with the criteria of period spacing lower than 200s
and larger than 200s. The period spacing of RGB stars are mostly
lower than 200s and period spacing of RC stars are mostly larger
than 200s. There are also a few stellar period spacing of RC stars
mixing into RGB stars because their period spacing deduced from
the spectra are lower than 200s.
The precision of period spacing deduced from the spectra are
found to be sensitive to the spectral SNRs. Fig. 3 plots the distribu-
tion of the estimated ∆P from the LAMOST spectra for the com-
mon stars with Vrard et al. (2016) in different spectral SNR bins:
SNR > 80, 406SNR680, SNR <40. The figure shows that in high
c© 2017 RAS, MNRAS 000, 1–15
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Figure 2. Le f tpanel: Comparison of period spacing ∆P estimated from the LAMOST spectra with the seismic values of Vrard et al. (2016) for the testing
sample. The blue dots represent RGB stars, red dots represent RC stars and green dots represent secondary RC stars. Rightpanel: The period spacing and
surface gravity diagram for the testing sample stars. The stellar period spacing are estimated from the LAMOST spectra. Colours have the same meanings as
the left panel.
SNR cases, RC and RGB stars are well separated in ∆P, while in
low SNR cases (e.g. < 20), the separation in ∆P between RC and
RGB stars are less clear due to large random error of the ∆P esti-
mates. Nevertheless, there are still two clear peaks in the figure for
SNR < 40.
We therefore adopt a maximum likelihood method to identify
RGB stars and RC stars making use of ∆P and log g, and consid-
ering cases of different SNR bins (SNR > 80, 40 < SNR < 80,
SNR < 40) as well as different metallicity bins ([Fe/H] < −0.4,
−0.4 < [Fe/H] < 0, [Fe/H] < 0). Note that, there are only a few
stars with SNR < 40 in the control sample, we thus opt not to divide
those stars with lower SNRs into different metallicity bins.
In each SNR and [Fe/H] bin, the likelihood function is defined
as
Li, j = ai, j exp
−(Oi, j − Xi, j)
2
2c2
i, j
, (1)
where O represents observational parameters, X represents models,
i represents surface gravity and period spacing, i = 1 represents
surface gravity and i = 2 represents period spacing; j represents the
classification of RGB, RC and 2RC, j = 1, 2, 3 represents RGB,
RC and secondary RC, respectively. Then the probability of RGB
stars, RC stars and secondary RC stars are
L j =
∏2
i=1 Li, j
∑3
j=1 Li, j
. (2)
We make a table for these parameters in Table 1, character of a
represents the height of the Gaussian function, and character of c
represents the dispersion of each corresponding quantity. Utilizing
the maximum likelihood, we calculate the probability of 1.0 mil-
lion LAMOST stars. Stars with Lrgb > 0.5 are selected as RGB
stars, while the others are RC stars. In this work, we did not con-
sider the pollution of AGB stars because of there are few AGB
stars with seismic parameters. Finally, we note that a drawback of
our maximum likelihood method is that the coefficients in Table 1
are completely determined by the asteroseismic (training) sample,
which are unlikely the optimal ones for the LAMOST data set. A
further improvement should induce a Bayesian scheme considering
priori of realistic populations of RGB and RC in different regions
of the Galaxy.
2.3 The RGB Sample
In order to assess the completeness and contamination rate of our
method to select RGB stars, we use stars in the sample of Elsworth
et al. (2017) that have LAMOST spectra but are not in our training
sample as an independent validation. Elsworth et al. (2017) pro-
vides the classification of RGB, RC and secondary RC, but they do
not provide their period spacing. The sample contains 3138 stars,
including 1785 RGB, 1149 RC and 204 secondary RC. We calcu-
late the likelihood of these stars to be red giant branch stars, and
plot the seismic classification of this sample to be red giant branch
stars and red clump stars or secondary red clump stars in Fig. 4.
The figure demonstrates that the distribution of likelihood of seis-
mic classification for RGB stars and RC stars exhibits two sharp
peaks, one with a value of zero and the other with a value of unity,
indicating that most of RGB and RC stars can be distinguished very
well, whereas there are a small number of stars with likelihood val-
ues around 0.4 to 0.6, which are hard to clarify whether they are
RGB stars or RC stars. We define that stars with Lrgb > 0.5 are RGB
stars and then calculate their completeness and contamination rate.
The completeness of this sample is found to be 94 per cent and the
contamination rate is only 2 per cent. Note that most of stars have
SNRs higher than 50, while we expect that the contaminate rate
are higher than 2 per cent when we use this method to distinguish
RGB stars and RC stars with lower SNRs. The completeness rate
is higher and the contamination rate is lower than methods in lit-
erature based on stellar atmospheric parameters alone (Bovy et al.
2014; Huang et al. 2015), while it is comparable to the results of
Hawkins et al. (2018) and Ting et al. (2018), which are based on
similar philosophy to this work.
We apply the method to the LAMOST DR4 spectra of giant
c© 2017 RAS, MNRAS 000, 1–15
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Figure 3. Comparison of period spacing estimated from the spectra with seismic values for stars in different the SNR bins. Black and blue lines represent RGB
and RC, respectively. Thin lines represent the classifications based on asteroseismology, while thick lines represent classifications based on spectra.
Table 1. Parameters adopted for the maximum likelihood method to distinguish RGB and RC stars in Equation 1.
1),SNR>80, [Fe/H]6-0.4
a1,1=15.70 X1,1=2.76 c1,1=0.16 a2,1=26.68 X2,1=2.42 c2,1=0.09
a1,2=15.49 X1,2=117.99 c1,2=45.34 a2,2=22.63 X2,2=292.79 c2,2=12.91
a1,3=0.30 X1,3=2.71 c1,3=0.16 a2,3=0.30 X2,3=278.30 c2,3=26.20
2),SNR>80, -0.4 6[Fe/H]6 0
a1,1=26.09 X1,1=2.94 c1,1=0.20 a2,1=86.79 X2,1=2.47 c2,1=0.08
a1,2=36.48 X1,2=92.78 c1,2=42.77 a2,2=86.86 X2,2=292.42 c2,2=16.94
a1,3=9.60 X1,3=2.71 c1,3=0.16 a2,3=13.80 X2,3=278.30 c2,3=26.20
3),SNR>80, [Fe/H]> 0
a1,1=12.02 X1,1=3.10 c1,1=0.23 a2,1=25.29 X2,1=2.50 c2,1=0.14
a1,2=21.66 X1,2=91.85 c1,2=34.49 a2,2=51.95 X2,2=277.30 c2,2=22.31
a1,3=9.60 X1,3=2.71 c1,3=0.16 a2,3=13.80 X2,3=278.30 c2,3=26.20
4),40 6SNR6 80, [Fe/H]6-0.4
a1,1=18.24 X1,1=2.83 c1,1=0.31 a2,1=16.39 X2,1=2.37 c2,1=0.09
a1,2=9.27 X1,2=110.88 c1,2=32.93 a2,2=16.41 X2,2=285.84 c2,2=24.38
a1,3=0.20 X1,3=2.58 c1,3=0.20 a2,3=0.20 X2,3=275.07 c2,3=27.20
5),40 6SNR6 80, -0.4 6[Fe/H]6 0
a1,1=21.95 X1,1=2.92 c1,1=0.18 a2,1=43.22 X2,1=2.44 c2,1=0.12
a1,2=19.43 X1,2=87.27 c1,2=42.61 a2,2=40.43 X2,2=290.46 c2,2=25.98
a1,3=3.80 X1,3=2.58 c1,3=0.20 a2,3=4.85 X2,3=275.07 c2,3=27.20
6),40 6SNR6 80, [Fe/H]> 0
a1,1=12.26 X1,1=2.96 c1,1=0.24 a2,1=23.54 X2,1=2.48 c2,1=0.15
a1,2=10.43 X1,2=94.93 c1,2=47.27 a2,2=27.68 X2,2=268.89 c2,2=22.99
a1,3=3.80 X1,3=2.58 c1,3=0.20 a2,3=4.85 X2,3=275.07 c2,3=27.20
7),SNR < 40
a1,1=20.72 X1,1=2.90 c1,1=0.21 a2,1=49.34 X2,1=2.42 c2,1=0.17
a1,2=17.39 X1,2=129.80 c1,2=45.69 a2,2=31.12 X2,2=267.63 c2,2=30.57
a1,3=6.84 X1,3=2.65 c1,3=0.18 a2,3=5.30 X2,3=264.86 c2,3=36.25
c© 2017 RAS, MNRAS 000, 1–15
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Figure 4. The probability distribution of 3138 stars from the work of
Elsworth et al. (2017), the black line represents the probability distribu-
tion of the seismology classified RGB stars, and the red line represents the
probability distribution of the seismology classified RC and secondary RC
stars.
Figure 5. SNR distribution of the LAMOST RGB stellar sample.
stars. Utilizing the criteria of Lrgb > 0.5, we obtain 866 315 red
giant stellar spectra, with 640 986 unique stars. Their distribution
of SNRs are shown in Fig. 5, the median SNRs of these stars are
30. There are 0.20 million stars with SNRs greater than 50, 0.41
million stars with SNRs greater than 20. Considering the fact that
the accuracy of period spacing varied from the SNRs, we select
RGB stars with SNRs greater than 30 to study the properties of this
RGB sample stars. We plot their H-R diagram in Fig. 6, the color
bar indicates their density. The effective temperatures of the sample
stars cover the range of 3000 − 5500K and the surface gravities
vary from 0.5 to 3.8 dex. From the figure, we can see that there is
no obvious contaminations of red clumps, which causes a compact
over-density at logg ∼ 2.4 (see Fig. 9 of Xiang et al. 2017b as an
example). There are some stars located in the lower RGB phase.
On the whole, the parameters space of RGB stars are completely
covered with negligible pollution by red clump stars.
Fig. 7 plots the density distribution of LAMOST RGB stars in
Figure 6. The effective temperature – surface gravity diagram for LAMOST
RGB stars with SNR > 30. The color bar represents the number of stars.
the Galactic X – Y and X – Z plane for the RGB stars. Here, the
X, Y and Z are computed assuming R⊙ = 8.0 kpc and Z⊙ = 0 kpc,
and the recommended distances are from the value-added catalog
of LAMOST DR4 (see Section 2). The figure shows that the most
of the RGB sample stars are distributed in the range of −20 kpc to
0 kpc for X, −7 kpc to 7 kpc for Y and −4 kpc to 4 kpc for Z. 46 per
cent of the stars are located within 2kpc from the Sun.
3 MASS AND AGE DETERMINATION
3.1 the Method
In the last paper of Wu et al. (2018), we investigated the feasi-
bility of deducing mass and age for RGB stars directly from the
LAMOST spectra with KPCA-based multivariate linear regression
method, taking 4040 stars in the LAMOST-Kepler survey that have
accurate seismic parameters from Yu et al. (2018) and Chaplin et
al. (2014) as a training data set. We demonstrated that ages thus
derived achieve a precison of ∼ 24 per cent. For more introduction
about the KPCA-based regression method, we refer to the paper of
Wu et al. (2018), as well as the concise description in Section 5.2.
One can also refer to Xiang et al. (2017c) for a more detailed ex-
ample on the application of the method to LAMOST spectra for
the determinations of stellar parameters. Here we straightforwardly
inherit the method fromWu et al. (2018) but with slightly improve-
ment on the training data set. In Wu et al. (2018), only stars with
accurate seismic parameters are adopted as the training sample,
and most of them have log g < 3.3 so that the parameter space
at the higher log g is poorly covered. As a consequence, the de-
duced stellar mass and age for stars near or beyond the log g bound-
ary (e.g. base-RGB stars) may suffer large systematics (see their
Fig. 9). To overcome this defect, we expand the parameter cover-
age of the training sample by adding a number of LAMOST-TGAS
sub-giant stars and main-sequence turn-off stars. The supplemen-
tary is evenly selected in the Teff , log g and [Fe/H] space, the sub-
giant stars and main-squence turn-off stars are selected with log g
> 3.8 dex. Finally, our training sample contains 5376 stars. We plot
their distribution in the H-R diagram in Fig. 8, the effective tem-
perature ranges from 4000K to 6600K, the surface gravity ranges
from 1.5 dex to 4.5 dex. Note that there are few stars with log g ∼
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Figure 7. Colour-coded stellar density distribution in the Galactic X – Y plane and X – Z plane for RGB stars observed with the LAMOST.
3.7 dex and Teff from 5000K to 5200K because of the selection cri-
teria. However, this small (∼ 0.1 dex) gap at log g ∼ 3.7 dex is not
expected to induce significant effect on the determination of mass
and age in the current work. Masses and ages of the Gaia-TGAS
stars are determined by matching stellar parameters with the Y2
isochrones (Demarque et al. 2004) using the Bayesian method of
Xiang et al. (2017b). Here the adopted stellar parameters are Teff ,
[Fe/H] and [α/Fe] from the LAMOST spectra and MV from TGAS
parallax. Only stars with MV error smaller then 0.2mag are adopted
to quantify the accuracy of the mass and age estimates. Typical un-
certainty of the mass estimate is 8 per cent, and that of the age es-
timates is 23 per cent. By comparing the ages estimated by TGAS-
based isochrones and ages estimated by asteroseismology, we find
there are about 0.5Gyr median difference between TGAS-based
isochrone age and asteroseismic age. We have opted to ignore such
a small difference since it is not expected to make a major impact
for our results. Fig. 9 plots a color-coded distribution of the (rela-
tive) residuals for the regression of age, i.e., the (relative) difference
between the spectral age estimated with the KPCA-based regres-
sion method and the seismic ages and ages based on isochrones for
the training sample. It shows that there are no longer strong system-
atic patterns across the whole red giant branch, which are essential
for obtaining uniform age estimates of the RGB sample stars.
We derive the masses and ages for the whole RGB sample
stars. Considering that the KPCA-based multivariate linear regres-
sion method are found to be very sensitive to spectral quality (e.g.
SNR), and the estimated parameters from low-quality spectra may
suffer large systematics (e.g. Xiang et al. 2017c), we implement
an internal calibration to the derived ages and masses of the sample
stars in the same way as done by Xiang et al. (2017c) for the param-
eter estimation. In doing so, we first define a parameter dg, which
represent the maximal kernel value between the target spectrum and
any of the spectra in the training set. It is a metric of describing sim-
ilarities between the target and training spectra. The value of dg will
be unity if a target spectrum is exactly the same as one of the train-
ing spectra. A small value of dg may be have two possible reasons:
one is that the quality of spectra is poor (low SNR). The training
set exhibits a relatively uniform S/N distribution above 50, which
is the low S/N cut. While as shown in Fig. 5, the S/N distribution of
Figure 8. Distribution of the 5376 training stars in the Teff – log g plane.
the full sample exhibits a steep declination from 10 to S/N > 200.
The other reason is that the target spectrum is so special that none
of training spectra can match it. Like the method mentioned in the
Xiang et al. (2017c), we search for duplicated spectra by requiring
one observation of the duplication yields dg > 0.9, for which the
derived mass and age are assumed to suffer negligible systematics
and can be used as a reference for calibration. Then results derived
from spectra that yield dg < 0.9 are grouped into bins of dg with a
bin size of 0.05. For each bin, a polynomial model is constructed to
calibrate the mass (age) of deduced from spectra with dg < 0.9 to
that from spectra with dg > 0.9.
For the error estimation, we disentangle the error estimation
into two parts. One is the random error caused by uncertainty of
the spectra, which is a function of spectral SNR, and is deduced
by comparing repeat observations that have comparable SNR, as
shown in Fig. 11. We select duplicate stars that have comparable
(differ by less than within 20 per cent) spectral SNR and are col-
lected in different nights, and grouped them into bins of SNR, Teff
c© 2017 RAS, MNRAS 000, 1–15
8 Yaqian Wu
Figure 9. Distribution of relative residuals of ages estimated with KPCA
method as compared to the seismic values in the Teff – log g plane.
and [Fe/H]. In each bin, the standard deviation of the differences
of parameter values derived from the repeat observations is calcu-
lated. The standard deviation, after divided by the square root of
2, is adopted as the random error. The other part of the error es-
timate comes from the method itself, which is mainly contributed
by the age/mass error of the training stars and possible inadequacy
of the regression model between age/mass and principal compo-
nent derived from the spectra with the KPCA algorithm. Here we
adopt the standard deviation of the residuals between the regression
model predicted (fitted) age/mass and the asteroseismic age/mass
and age/mass based on isochrones of the training sample as a mea-
surement of the method error, which is 8 per cent for mass, 26 per
cent for age. The estimated error of each stars is the combination
of these two parts via
√
σ2r + σ
2
m, where σr means random error,
and σm represents method error. The distribution of the mass and
age estimates as well as their errors are shown in Fig. 10. For stars
with SNR > 30, the median error of mass estimates is 10 per cent,
and that of age estimates is 30 per cent. At the top panel of the
figure, most stars have masses between 0.8 and 1.8 M⊙. There are
few stars with masses larger than 2 M⊙ or smaller than 0.6 M⊙. At
the bottom of the figure, the age of stars cover the whole range of
possible ages of stars, from close to zero on the young end, up to
the age of the universe (∼13.8Gyr; Planck collaboration 2016), and
the age peaks at 7Gyr.
3.2 Validation of Ages and Masses
Fig. 11 plots the internal differences of ages and masses deduced
from duplicate observations as a function of the SNR. Here, the
duplicate observations refer to those carried out in different nights.
The figure shows that the dispersion of ages and masses become
nearly flat with the spectral SNR increasing. The relative dispersion
of age estimates is 20 per cent when the spectra of SNR is higher
than 50, and that of mass estimates is 10 per cent. Therefore, the
random error of ages estimated from the spectra is about 20 per
cent, and that of masses is about 10 per cent.
Open clusters in the Milky Way are generally believed to form
from the same gas cloud simultaneously, so that member stars of a
cluster have the same age. Ages of cluster members thus provide an
independent test for our age estimation. For this purpose, a num-
Figure 10. U pper panel: Distribution of mass estimates, as well as their
errors. The upper panel of the figure plots the distribution of mass estimates,
the right panel of the figure plots the distribution of their errors of masses.
The color bar indicates their density of mass estimates and errors of masses.
Bottom panel: Distribution of age estimates, as well as their errors.
ber of LAMOST plates have been designed to target open clusters
of different ages utilizing gray nights reserved for monitoring the
instrument performance. Together with data from the main survey,
we are able to select RGB stars in three open clusters, namely NGC
2420, M67 (NGC 2682), and Berkeley32. These clusters cover an
age range from 2Gyr to 6Gyr. In the very young and old regimes,
we do not find suitable open clusters in the LAMOST plates to
test. For younger open clusters, only stars with high mass evolve at
RGB state or AGB state, whereas for old open clusters, the number
of these open clusters are small in the LAMOST field and usually
they are dimmer so that they can hardly observed by LAMOST.
A detailed description of member star identification for these
open clusters are presented in the Xiang et al. (2017a). Member
stars usually are identified by radial velocities and proper motions.
However for some open clusters, if the contaminations of member
stars of open clusters from the background stars are severe, besides
kinematics parameters for open clusters, we also need distance
moduli to discard background stars that deviate significantly (>1.5
mag) from the peak values of the clusters. For LAMOST spectra,
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Figure 11. Internal differences of age and mass estimates derived from du-
plicate observations of different spectral SNR, plotted against the SNR of
the lower-quality observation. The SNR of the higher quality spectrum is
required to be larger than 80 per pixel. The black dots and error bars are re-
spectively the mean and standard deviation for stars in the individual SNR
bins.
the accuracy of radial velocities is about 5 km s−1, for proper mo-
tions, we use the data of UCAC4 (Zacharias et al. 2013). From the
work of Xiang et al. (2017a), they identify 88, 2858, 72 member-
ship candidates for NGC 2420, M67 and Berkeley 32, respectively.
After cross matching with the LAMOST RGB sample stars, there
are 9, 43, and 6 members left. The measured ages are obtained by
taking the means of individual member stars.
Fig. 12 presents a direct comparison between the measured
cluster ages and the literature values. The figure shows that our
ages estimated from the spectra are largely in good agreement with
the literature values. For NGC 2420, the dispersion of ages is rel-
atively small, and the number of members in that open cluster is
also small. The median age of this cluster is 2.35Gyr, and the dis-
persion is 0.97Gyr. It is consistent with the ages given in the litera-
ture (2.2Gyr; Demarque et al. 1994; Twarog et al. 1999). For M67,
The median age is 5.00 Gyr, with a dispersion of 1.69Gyr. The
age of this open cluster is overestimated by about 1.00Gyr com-
pared with the ages given in the literature (4.0Gyr; Demarque et al.
1992; Carraro et al. 1994; Dinescu et al. 1995; Fan et al. 1996;
Richer et al. 1998; VandenBerg & Stetson 2004; Schiavon et al.
2004; Sarajedini et al. 2009; Barnes et al. 2016). The systematic
overestimate is probably a consequence of defects of the KPCA-
based regression method. For Berkeley 32, the median age of this
open cluster is 6.15 Gyr, with a dispersion of 0.60Gyr. The age of
Figure 12. Comparison of age estimates of open clusters with literature val-
ues. The vertical error bars represent age dispersions (standard deviations)
of the individual cluster member stars, while the horizontal error bars rep-
resent the range of age estimates in literature.
this open cluster is also consistent with the ages given in the lit-
erature (6.0Gyr; Kaluzny & Mazur 1991; Richtler & Sagar 2001;
Salaris et al. 2004; DO´razi et al. 2006; Tosi et al. 2007).
Sanders & Das (2018) obtained a catalogue of distances,
masses and ages for ∼ 3 million stars observed by Gaia with
spectroscopic parameters from the large spectroscopic surveys:
APOGEE, Gaia-ESO, GALAH, LAMOST, RAVE and SEGUE.
We cross match their catalog with ours and obtained 480,000 com-
mon red giant branch stars. After selecting SNR > 50, 2.0 dex <
log g < 3.2 dex, 2000 K < Teff < 5500K, there are 80,000 common
red giant branch stars left. Fig. 13 plots the comparison between
the ages estimated by Sanders & Das (2018) and this work. From
the figure, we can see that the ages estimated by Sanders & Das are
generally younger than our work, the ages estimated by them can be
younger than 2 – 3Gyr at the older parts. This is because the scaling
relation and isochrones we used are different from Sanders & Das
used. We adopt the revised scaling relation (Sharma et al. 2016)
when inferring stellar mass from seismic data, while Sanders &
Das (2018) used un-revised scaling relation. In addition, we use the
Y2 isochrones which consider the effect of α-enhanced, whereas
Sanders & Das use the PARSEC isochrones and do not consider
[α/Fe]. The influence of [α/Fe] is vital for older stars. As such, they
obtained an age of the thick disk of about 7 Gyr whereas the age
from this work is about 10 Gyr.
3.3 Age and mass estimates from C, N abundance
In the last paper of Wu et al. (2018), we also explored the feasibility
of estimating ages and masses based on the spectroscopically mea-
sured carbon and nitrogen abundances. Utilizing the parameters of
Table 2 and Table 3 in the Wu et al. (2018), we estimate the ages
and masses from the carbon and nitrogen abundances for LAM-
OST RGB sample stars. We plot the comparison of age estimates
from the CN scaling relation with the KPCA method in Fig. 14.
The figure demonstrates that age estimates with C, N abundances
is higher than age estimates from the KPCA method. The median
difference is about 0.61Gyr, the ages estimated from the CN scal-
ing relation depend on the asteroseismic training data sets, whereas
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Figure 13. Comparison of age estimates of this work with Sanders & Das
(2018). The colour bar represents the numbers of stars. The blue solid line
represents the 1:1 line.
Figure 14. Comparison of age estimates between C, N abundance method
and KPCAmethod. The color bar represents the numbers of stars. The black
solid line represents 1:1 line.
age estimated by KPCA method in this paper added some TGAS
sub-giant stars. The ages estimated by TGAS have a median dif-
ference of about 0.5Gyr compared to the asteroseismic ages. We
recommend the ages estimated from the KPCA method rather than
the ages estimated from the CN abundances.
4 RELATIONS AMONG AGE, METALLICITY AND
KINEMATICS
Utilizing this large sample of LAMOST RGB stars, we explore the
distribution of stellar ages in the disk R – Z plane, relations among
the age, metallicity and elemental abundances as well as relations
between stellar ages and kinematic parameters. To ensure high data
quality, stars with SNR lower than 50, surface gravity larger than
3.8 dex and surface gravity smaller than 2.0 dex are discarded, leav-
Figure 15. Color-coded distribution of the median age for stars of different
spatial bins in the R – Z plane. The adopted bin size is 0.25 kpc in the R
direction and 0.1 kpc in the Z direction.
ing about 200 000 stars in the remaining sample used for the follow-
ing analysis.
4.1 Distribution of Stellar Ages in the R – Z Plane
Fig. 15 plots the median age of stars at different positions across the
R – Z plane of the Galactic disk. Here R is the projected Galacto-
centric distance in the disk midplane, and Z is the height above the
disk midplane. Considering that metal-poor stars have large age un-
certainties, we discard stars with [Fe/H] < -1.2 dex. Generally, the
data exhibit negative age gradients in the radial direction and pos-
itive age gradients in the vertical direction. At small heights, the
outer disk of R > 9 kpc is dominated by young (62Gyr) stars,
which reach larger heights above the disk plane at the farther disk.
The inner disk of R 6 9 kpc exhibits a positive vertical age gradient
for small heights, while the disk at larger heights is dominated by
old stars with no significant vertical gradients.
A radial age gradient of the Milky Way was also presented
by Xiang et al. (2017a) using main-sequence turnoff and sub-giant
stars from the LAMOST Galactic Spectroscopic survey (see their
Fig. 23). Our results are clearer than theirs although the overall
structures and patterns are similar. The results exhibit strong flar-
ing age structure across the whole radial range from R ∼ 6 kpc
to ∼ 13 kpc, which is a natural consequence of the disk flaring
observed previously via star counts (e.g. Derriere & Robin 2001;
Lo´pez-Corredoira et al. 2002; Lo´pez-Corredoira & Molgo´ 2014;
Xiang et al. 2018) and is well reproduced by simulations as a sug-
gested consequence of a weaker restoring force at the outer Galac-
tocentric radii (Minchev et al. 2015).
Fig. 16 plots the R – Age relation in different bins of |Z|. We
divided the sample into four vertical bins: 0 kpc < |Z| < 0.5 kpc,
0.5 kpc < |Z| < 1.0 kpc, 1.0 kpc < |Z| < 1.5 kpc and 1.5 kpc < |Z| <
2.0 kpc, and plot the median age as a function of R for each verti-
cal bins of |Z|. At solar radius, we find a median age for RGB stars
of about 7Gyr in the midplane, increasing to 9.5Gyr for 1.5 kpc
< |Z| < 2.0 kpc. This is slightly underestimated compared to the
vertical age gradient of 4 ± 2 Gyr kpc−1 at the solar radius by
Casagrande et al. (2016). It can be found that at any given radius,
the median age of RGB stars increases with height above the disk.
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Figure 16. R – Age relation in different bins of |Z|. The color represent
different bins of |Z|, the black lines mean |Z| = 0 kpc, the blue lines mean
|Z| = 0.5 kpc, the green lines mean |Z|=1.0 kpc, and the red lines mean |Z| =
2.0 kpc.
We also find radial age gradients at almost all heights above the
midpline. At about 1 – 2 kpc above the disk, stellar ages go from
about 9 – 10Gyr in the inner disk to about 5Gyr in the outer disk.
The results is similar with the study of radial age gradient of the
geometrically thick disk in the Martig et al. (2016).
4.2 Age, [α/Fe] and [Fe/H] Relation
Fig. 17 plots the distribution of the median stellar ages and masses
in the individual mono-abundance bins of the [Fe/H] – [α/Fe] plane.
To show the potential patterns better, only stars with SNR > 50,
2 < log g < 3.8, Teff < 5500K and [Fe/H] > −1.2 dex are used
to generate the figure because age estimates for stars in these pa-
rameter ranges have higher accuracy. The figure shows clear pat-
terns in the distribution of median stellar ages and masses across
the [Fe/H] – [α/Fe] plane. For a given [Fe/H], stars of higher [α/Fe]
have older ages. There is an old (> 10Gyr) sequence of stars on the
high-α side. We could also divide them into three region of ages,
including stars with ages older than 10Gyr, intermediate-age and
young. For old stars, their metallicity is generally distributed be-
tween -0.7 dex and 0.3 dex, with [α/Fe] higher than 0.10 dex; for
intermediate-age stars, their [α/Fe] value is distributed from 0 dex
to 0.3 dex, the low [α/Fe] region is dominated by young stars. Note
that, the current results deviate to some extent from those of Xiang
et al. (2017a) and Haywood et al. (2013), and also different from
our former results from the asteroseismic sample (Wu et al. 2018)
in the metal-poor side ([Fe/H] . −0.6 dex), as the current results
suggest that those metal-poor, α-enhanced stars are dominated by
intermediate-age stars whereas previous studies suggested they are
old stars. We believe this is because a defect of the multivariate lin-
ear regression method. Since the regression is carried out in a rather
high dimensional space (100), it is easily biased near the boundary
of the parameter space where the number of training stars is small.
The ages and masses of metal-poor stars should be carefully used
for these metal-poor stars.
Fig. 18 plots the stellar number density distribution in the
[Fe/H] – [α/Fe] plane for stars in different age bins. Here we use
the same RGB stellar sample mentioned above. The figure shows
Figure 17. U pperpanel: Distribution of median stellar ages of [α/Fe] –
[Fe/H]. Lowerpanel: Distribution of median stellar masses of [α/Fe] –
[Fe/H]. The color bar represents the median mass and age of each bin.
that for all individual age bins, stars exhibit wide distribution in the
[Fe/H] – [α/Fe] plane, implying that in a given mono-abundance
bin of [Fe/H] and [α/Fe], stars could have an extensive age dis-
tribution, especially for bins of intermediate abundances (e.g., -
0.5 dex 6 [Fe/H] 6 0 dex, 0 dex 6 [α/Fe]6 0.1 dex). Nevertheless,
the figure demonstrates a clear temporal evolution trend of [Fe/H]
– [α/Fe] sequences. Both the low-α and high-α sequences are pre-
sented in the age bin of 8 – 10Gyr. As the age increases from 0 –
2Gyr to 8 – 10Gyr, [α/Fe] values of the lower-α sequence at so-
lar metallicity increase from about -0.1 dex to about 0.0 dex. Such
a double-sequence feature is consistent with the widely suggested
thin and thick disk sequences (e.g. Fuhrmann 1998; Bensby et al.
2003; Lee et al. 2011; Haywood et al. 2013; Hayden et al. 2015;
Xiang et al. 2017b).
Fig. 19 plots the density distribution of RGB stars in the age –
[α/Fe] plane, the color bar represents the number of stars in loga-
rithmic scale. The figure exhibits two prominent sequences of dif-
ferent [α/Fe] values. Stars younger than 8Gyr belong to a sequence
of lower [α/Fe] value, and the [α/Fe] slowly increases with the me-
dian age of RGB stars in an approximately linealy manner with a
slope of 6 0.02 dex/Gyr. At the older end, the high-α sequence,
which has an almost constant [α/Fe] value about 0.2 dex for stars
older than 10Gyr. Note that, the current sample also include a num-
ber of young (< 6Gyr) stars with unexpectedly high [α/Fe] values
and old (> 10Gyr) stars with low [α/Fe] values. Such young, high-
α stars are also found in some previous works (e.g. Chiappini et al.
2015; Martig et al. 2015; Wu et al. 2018). For these stars, one pos-
sible explanation is that they were formed near the ends of the
Galactic bar or may be evolved blue stragglers. For old, low-α stars,
they may be formed at the inner disk. At the younger end, the high-
α sequence is consistent with the results from Figure 20. The pres-
ence of two age – [α/Fe] sequences either suggests the existence
of two distinct phases of formation history of the Galactic disk
(e.g. Haywood et al. 2013; Xiang et al. 2015a, 2017a; Grisoni et al.
2018; Spitoni et al. 2018) or is a natural consequence of a continu-
ous disk formation process (e.g. Scho¨nrich & Binney 2009a).
Fig. 20 plots the density distribution of the RGB stars in the
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Figure 18. Colour-coded stellar number density in the [Fe/H] – [α/Fe] plane for stars in different age bins, as labeled in red on the upper-right corner of the
figures. The bin size is 0.05 dex in [Fe/H], and 0.025 dex in [α/Fe].
Figure 19. Age – [α/Fe] relation for the RGB sample stars, the color bar
represents the number of stars in bins of 0.2Gyr × 0.025 (bin size) dex.
age –[Fe/H] plane. The figure shows that stars exhibit a wide range
of [Fe/H] values for all ages. For stars older than 8Gyr, there is
a trend that age increases with decreasing [Fe/H] but there are
still quite a large fraction of old metal-rich stars which may be
born in the inner disk. The broad range of [Fe/H] values for disk
stars at a given age may suggest a complicated disk chemical and
dynamic history. As the sample stars cover a large volume, one
possible cause of the broad [Fe/H] distribution is the existence of
both radial and vertical [Fe/H] gradients for mono-age stellar pop-
ulations. However, it is also found that even in a limited volume,
for instance, the solar neighborhood, the age – [Fe/H] relation for
young stars still exhibit a broad distribution. The inevitable pres-
ence of mixing of stars born at different positions caused by stel-
lar radial migration (e.g. Sellwood & Binney 2002; Rosˇkar et al.
2008; Scho¨nrich & Binney 2009a; Loebman et al. 2011) has cer-
tainly played an important role for such [Fe/H] broadening. The
results are similar with previous studies (e.g. Haywood et al. 2013;
Xiang et al. 2017a). However the current sample exhibits a larger
fraction of old metal-rich stars which should studied further.
4.3 Stellar age versus kinematics parameters
The orbital properties of stars in the disk carry signatures of their
birth place, but they are also expected to change over time due to the
dynamical (secular) evolution of the Galaxy. An important process
in secular evolution is radial mixing (e.g. Sellwood & Binney 2002;
Rosˇkar et al. 2008; Scho¨nrich & Binney 2009a; Loebman et al.
2011, 2016; Minchev et al. 2014), in which stars are redistributed
through either changes in angular momentum (churning) or non-
circular orbital motion (blurring), which alters the radius of their
orbit.
Stellar orbits can be quantified by two dynamical parameters:
orbital eccentricity and orbital (vertical) angular momentum which
can be derived with precise measurements of distance and veloc-
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Figure 20. Age – [Fe/H] relation for the RGB sample stars, the color bar
represents the number of stars in bins of 0.2Gyr × 0.05 (bin size) dex.
ity. We cross-match the LAMOST RGB sample stars with Gaia
DR2 and compute their orbits using the axisymmetric and steady
Galactic potential of Gardner & Flynn (2010). The distance is from
the inverse of parallax (̟) from Gaia DR2. We correct systematic
difference of the ̟ with 0.029
′′
(Gaia Collaboration et al. 2018a).
Note that distance inferred from the inverse of the parallax becomes
biased when the uncertainty in parallax is larger or the parallax is
small, and one should use the distances and kinematic parameters
stars with large parallax errors with cautions. In our sample, 82 per
cent of the RGB stars have parallax errors smaller than 20 per cent.
We first examine the two orbital parameters versus age in
Fig. 21. The left panel of the figure shows eccentricity as a func-
tion of stellar age, the color bar represents the logarithm number
of stars. Generally, it shows that most of the red giant stars have
eccentricities ranging from 0 to 0.4. Both the median value and the
dispersion of the eccentricity increase with increasing age. Over the
2 – 12Gyr timescale, the typical eccentricity increases from 0.1 to
0.3, corresponding to an increasing rate of 0.02 per Gyr. The disper-
sion of the eccentricity also increases with age, from 0.07 at 2Gyr
to 0.14 at 10Gyr. In the right panel of the figure shows the angular
momentum (L) as a function of age. Conversely to the eccentricity,
the angular momentum fairly smoothly decreases from 2 to 12Gyr.
with a gradient of about -50 kpc km−1 s−1 Gyr−1.
Fig. 22 plots the distribution of the RGB stars in the age – υR,
age – υϕ, and age – υZ plane. Note that the motion of the Sun with
respect to LSR was corrected using the suggested values of Huang
et al. (2016). In the left panel of the Figure, we can find that most
of the RGB stars are located in the -100 to 100 km s−1 for υR. The
median value of υR is 7 km s
−1, and the dispersion is 47 km s−1. The
dispersion becomes larger for older stars. At the middle of the Fig-
ure, it can be found that most of the RGB stars locate in the range
of 100 to 300 km s−1 for υϕ. The median value and the disper-
sion for υϕ are 200 km s
−1 and 34 km s−1, respectively. The velocity
becomes lower as the age increases. As we discussed in Section
4.2, the age estimates of metal-poor stars may have been under-
estimated, and this causes the velocity dispersion for stars of 8 –
12Gyr looking to be larger than that of the oldest stars (>12Gyr).
However, a quantitative computation shows that the values of ve-
locity dispersion for the 8 – 12Gyr and the > 12Gyr population
are comparable, which is because the number of metal-poor stars
in our sample is small compared to the metal-rich stars.
In the right panel of the Figure, we can see that most of the
RGB stars are located in the -50 to 50 km s−1 for υZ , the shape
is similar with age – υR plane. For υZ , the median value and the
dispersion are -2 km s−1 and 27 km s−1.
5 CONCLUSION
In this paper, we present a catalog of mass and age estimates for
640 986 RGB stars from the LAMOST Galactic Survey. The RGB
stars are identified with log g and ∆P derived from the LAMOST
spectra. Examinations suggest that for stars with SNR > 50, which
occupy 31 per cent of the whole RGB sample, contaminations from
RC stars is only 2 per cent. Mass and age of the RGB stars are
derived with a data-driven method based on KPCA-based multi-
variate linear regression, utilizing stars with asteroseismic masses
and ages as well as sub-giants with isochrone ages as the training
data set. Typical error of age estimates is 30 per cent, and that of
mass estimates is 10 per cent for stars with SNR higher than 30.
Note that although the age estimates for the overall sample stars
are robust, ages of the metal-poor stars ([Fe/H] . 0.5) may suffer
non-negligible bias due to inadequacy of the current method. In the
catalog, we also provide masses and ages derived from their C and
N abundances.
With this catalog, we have investigated the stellar age distri-
bution in the disk R–Z plane and in the [Fe/H]–[α/Fe] plane, the
stellar density distribution in the [Fe/H]–[α/Fe] plane for mono-
age populations, the age–[α/Fe] and age–[Fe/H] relation. We have
also explored the age – velocity relation, the age – eccentricity and
age – vertical angular momentum relation utitlizing stellar orbital
parameters derived with the LAMOST and Gaia DR2 data. We find
that:
(i)the RGB stars exhibit negative age gradients in the radial
and positive age gradients in the vertical direction. The age struc-
ture of the disk is significantly flared across the whole disk of
6 < R < 13 kpc. At small heights, the outer disk of R > 9 kpc
is dominated by young (< 2Gyr) stars, which reach larger heights
above the disk plane at the outer disk. At solar radius, the median
age of the RGB stars is about 7Gyr in the midplane, increasing to
9.5Gyr at 1.5 kpc < |Z| < 2.0 kpc.
(ii)There are clear patterns in the distribution of median stellar
ages across the [Fe/H] – [α/Fe] plane. For a given [Fe/H], stars of
higher [α/Fe] have older ages. There is an old (> 10Gyr) sequence
of stars on the high-α side. For all individual age bins, stars ex-
hibit wide distribution in the [Fe/H] – [α/Fe] plane, implying that
in a given mono-abundance bin of [Fe/H] and [α/Fe], stars could
have an extensive age distribution, especially for bins of interme-
diate abundances (e.g., −0.5 dex < [Fe/H] < 0 dex, 0 dex < [α/Fe]
< 0.1 dex). Stellar distribution in the age – [α/Fe] plane exhibits
two prominent sequences of different [α/Fe] values: a low-[α/Fe]
sequence which contains stars from very young age to older than
10Gyr, and the [α/Fe] slowly increases with the age in an approxi-
mately linearly manner with a slope of ∼ 0.02 dexGyr−1. The high-
α sequence has an almost constant [α/Fe] value about 0.2 dex and
it contains stars from < 5Gyr to > 12Gyr, with a typical (median)
age of 10Gyr. Our results show a significant fraction of old, metal-
rich ([Fe/H] &0) stars. They are probably migrators from the inner
disk. .
(iii) The orbital eccentricity of the RGB sample stars increase
with age with a rate of about 0.02Gyr−1. The dispersion of the orbit
c© 2017 RAS, MNRAS 000, 1–15
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Figure 21. Le f tpanel: distribution of stars in the age – e plane, the color bar represents the logarithm of the number of stars. Rightpanel: distribution of stars
in the age – L plane, the color bar represents the logarithm of the number of stars.
Figure 22. Le f tpanel: distribution of stars in the age – υR plane, the color bar represents the logarithm of the number of stars. Middlepanel: distribution of
stars in the age – υϕ plane, the color bar represents the logarithm of the number of stars. Rightpanel: distribution of stars in the age – υZ plane, the color bar
represents the logarithm of the number of stars.
eccentricity also increases with age. The angular momentum fairly
smoothly decreases with age from 2 to 12Gyr, with a slope of about
-50 kpc km−1 s−1 Gyr−1.
Acknowledgments This work is supported by the Joint Research
Fund in Astronomy (U1631236) under cooperative agreement be-
tween the National Natural Science Foundation of China (NSFC)
and Chinese Academy of Sciences (CAS), the National Key Ba-
sic Research Program of China 2014CB845700 and Joint Funds
of the National Natural Science Foundation of China (Grant No.
U1531244) and the National Natural Science Foundation of China
(NSFC) under grant 11390371. M.-S. Xiang, Y. Huang and C.
Wang acknowledge supports from NSFC Grant No. 11703035.
Guoshoujing Telescope (the Large Sky Area Multi-Object
Fiber Spectroscopic Telescope LAMOST) is a National Major Sci-
entific Project built by the Chinese Academy of Sciences. Funding
for the project has been provided by the National Development and
Reform Commission. LAMOST is operated and managed by the
National Astronomical Observatories, Chinese Academy of Sci-
ences.
REFERENCES
Barnes, S. A., Weingrill, J., Fritzewski, D., Strassmeier, K. G., &
Platais, I. 2016, ApJ, 823, 16
Bedding T. R., et al. 2011, Nature, 471, 608
Bensby, T., Feltzing, S., & Lundstro¨m, I., 2003, A&A, 410, 527
Bovy, J., Nidever, D. L., Rix, H. W., et al., 2014, ApJ, 790, 127
c© 2017 RAS, MNRAS 000, 1–15
Ages and Masses of 0.64 million RGB stars from the LAMOST Galactic Spectroscopic Survey 15
Bergemann M. et al., 2014, A&A, 565, A89
Casagrande, L., Silva Aguirre, V., Schlesinger, K. J., et al., 2016,
MNRAS, 455, 987
Carraro, G., Chiosi, C., Bressan, A., & Bertelli, G. 1994, A&AS,
103, 375
Chaplin, William J., Miglio, Andrea, 2013, ARA&A, 51, 353C
Chaplin W. J., Basu, S., Huber, D., et al., 2014, ApJS, 210, 1
Chiappini C., Anders F., Rodrigues T. S., et al., 2015, A&A, 576,
12
Charbonnel, C. 1995, ApJ, 453, L41
Charbonnel, C., Brown, J. A., & Wallerstein, G. 1998, A&A, 332,
204
Cui X. Q., Zhao Y. H., Chu Y. Q., et al., 2012, RAA, 12, 1197
Peter D. C., Fu Jianning, Ren Anbing, et al., 2015, ApJL, 220, 19
Demarque, P., Green, E. M., & Guenther, D. B. 1992, AJ, 103,
151
Demarque, P., Sarajedini, A., & Guo, X.-J. 1994, ApJ, 426, 165
Demarque P., Woo J.-H., Kim Y.-C., Yi S. K., 2004, ApJS, 155,
667
Deng L. C. et al., 2012, RAA, 12, 735
De Silva G. M., Freeman, K. C., Bland-Hawthorn, J., et al. 2015,
MNRAS, 449, 2604
Derriere, S., & Robin, A. C. 2001, in ASP Conf. Ser. 232, The
New Era of Wide Field Astronomy, ed. R. Clowes, A. Adamson,
& G. Bronmage, 229
Dinescu, D. I., Demarque, P., Guenther, D. B., & Pinsonneault,
M. H. 1995, AJ, 109, 2090
DO´razi, V., Bragaglia, A., Tosi, M., Di Fabrizio, L., & Held, E. V.
2006, MNRAS, 368, 471
Fan, X., Burstein, D., Chen, J. S., et al. 1996, AJ, 112, 628
Fuhrmann, K., 1998, A&A, 338, 161
Freeman, K. C. 2012, in ASP Conf. Ser. 458, Galactic Archae-
ology: Near- Field Cosmology and the Formation of the Milky
Way, ed. W. Aoki et al. (San Francisco, CA: ASP), 393
Edvardsson, B., Andersen, J., Gustafsson, B, et al., 1993, A&A,
275, 101E
Elsworth Yvonne, Hekker Saskia, Basu Sarbani, et al., 2017, MN-
RAS, 466, 3344
Caia Collaboration et al., 2016, A&A, 595, A1
Gaia Collaboration et al., 2018, A&A, 616, 12
Gaia Collaboration et al., 2018a, A&A, 616, 10
Grisoni, V., Spitoni, E., & Matteucci, F., 2018, MNRAS, tem.,
2323
Hawkins, K., Ting, Y. S., & Walter-Rix, H., 2018, ApJ, 853, 20
Hayden Michael R., Bovy Jo, Holtzman Jon A., et al., 2015, ApJ,
808, 132
Haywood M., Di Matteo P., Lehnert M. D., Katz D., Go´mez A.,
2013, A&A, 560, A109
Hou J. L., Zhong J., Chen L., Yu J. C., Liu C., Deng L. C., 2013,
in Wong T., Ott J., eds, Proc. IAU Symp. 292, Molecular Gas,
Dust, and Star Formation. Cambridge Univ. Press, Cambridge,
p. 105
Ho A. Y. Q., Rix H. W., Ness M. K., Hogg D. W., Liu C., Ting Y.
S., 2017, ApJ, 841, 40H
Huang Y., Liu X. W., Zhang H. W., et al., 2015, RAA, 15, 1240
Iben, Jr., I., 1968, ApJ, 154, 581
Ida, S., Kokubo, E., & Makino, J., 1993, MNRAS, 263, 875
Lee, Y. S., Beers, T. C., An, D., et al., 2011, ApJ, 738, 187
Liu X.-W., Zhao G., Hou J.-L., 2015a, RAA, 15, 1089
Loebman, S. R., Ros˘kar, R., Debattista, V. P., et al., 2011, ApJ,
737, 8
Loebman, Sarah R., Debattista, Victor P., Nidever, David L., et al.,
2016, ApJ, 818, 6
Lo´pez-Corredoira, M., & Molgo´, J., 2014, A&A, 567, A106
Lo´pez-Corredoira, M., Cabrera-Lavers, A., Garzn, F., & Hammer-
sley, P. L. 2002, A&A, 394, 883
Luo A.-L. et al., 2012, RAA, 12, 1243
Luo A.-L. et al., 2015, RAA, 15, 1095
Kaluzny, J., & Mazur, B. 1991, AcA, 41, 167
Majewski S. R., Wilson J. C., Hearty F., Schiavon R. R., Skrut-
skieM. F., 2010, in IAU Symposium, Vol. 265, IAU Symposium,
Cunha K., Spite M., Barbuy B., eds., pp. 480C481
Martell, S. L., Smith, G. H., &Briley, M. M., 2008, AJ, 136, 2522
Masseron, T., & Gilmore, G., 2015, MNRAS, 453, 1855
Masseron, T., & Hawkins, K., 2017, A&A, 597, L3
Masseron, T.,Lagarde, N., Miglio, A., Elsworth, Y., & Gilmore,
G., 2017, MNRAS, 464, 3021
Martig M., Rix H. W., Silva Aguirre V., et al., 2015 MNRAS, 451,
2230
Martig M., Fouesneau M., Rix H. W., et al., 2016, MNRAS, 456,
3655
Minchev, I., Chiappini, C., & Martig, M., 2014, A&A, 572, 92
Minchev, I., Martig, M., Streich, D., et al. 2015, ApJL, 804, L9
Mints, A., & Hekker, S., 2017, A&A, 604, 108
Montalba´n, J., Miglio, A., Noels, A., Scuflaire, R., & Ventura, P.,
2010, ApJL, 721, L182
Mosser B. et al., 2011, A&A, 532, A86
Mosser B., Benomar O., Belkacem K., et al., 2012, A&A, 540,
A143
Mosser B., Benomar O., Belkacem K., et al., 2014, A&A, 572,
5M
Mu¨ller K. R., Mika S., Ra¨tsch G., Tsuda K., Scho¨lkopf B., 2001,
IEEE Trans. Neural Netw., 12, 181
Ness M., Hogg David W., Rix H.-W., et al., 2015, ApJ, 808, 16N
Ness M., Hogg David W., Rix H.-W., et al. 2016, ApJ, 823, 114N
Nordstro¨m B. et al., 2004, A&A, 418, 989
Perryman M. A. C., et al., 2001, A&A, 369, 339
Pinsonneault, Marc H., Elsworth,Yvonne, Epstein, Courtney, et
al., 2014, ApJS, 215, 19P
Planck Collaboration et al., 2016, A&A, 594, A13
Richtler, T., & Sagar, R. 2001, BASI, 29, 53
Richer, H. B., Fahlman, G. G., Rosvick, J., & Ibata, R. 1998,
ApJL, 504, L91
Rosˇkar R., Debattista V. P., Quinn T. R., Stinson G. S., Wadsley
J., 2008, ApJ, 684, L79
Salaris, M., Weiss, A., & Percival, S. M. 2004, A&A, 414, 163
Sanders Jason L., Das Payel, 2018, ArXiv, 1806.06324
Sarajedini, A., Dotter, A., & Kirkpatrick, A. 2009, ApJ, 698, 1872
Sharma Sanjib, Stello Dennis, Bland-Hawthorn Joss, Huber
Daniel, Bedding Timothy R., 2016, ApJ, 822, 15S
Scho¨nrich R., Binney J., 2009a, MNRAS, 396, 203
Sellwood, J. A., Binney, J. J., 2002, MNRAS, 336, 785
Schiavon, R. P., Caldwell, N., & Rose, J. A. 2004, AJ, 127, 1513
Scho¨lpokf B., Smola A. J., Mu¨ller K. R., 1998, Neural Comput.,
10, 1299
Spitoni, E., Matteucci, F., Jo¨nsson, H., et al., 2018, A&A, 612, 16
Stello D. et al., 2013, ApJ, 765, L41
Skrutskie M. F., et al., 2006, AJ, 131, 1163
Soderblom D. R., 2010, ARA&A, 48, 581
Tian, H., et al., 2015, ApJ, 104,12
Ting, Yuan-Sen, Hawkins, Keith, & Rix, Hans-Walter, 2018, ApJ,
858, 7
Tosi, M., Bragaglia, A., & Cignoni, M. 2007, MNRAS, 378, 730
c© 2017 RAS, MNRAS 000, 1–15
16 Yaqian Wu
Twarog, B. A., Anthony-Twarog, B. J., & Bricker, A. R. 1999, AJ,
117, 1816
Takeda G., Ford Eric B., Sills Alison, et al., 2007, ApJS, 168,
297E
VandenBerg, D. A., & Stetson, P. B. 2004, PASP, 116, 997
Vrard M., Mosser B., Samadi R., 2016, A&A, 588A, 87V
Wu Y. et al., 2011, RAA, 11, 924
Wu Y. Q., et al., 2018, MNRAS, 475, 3633
Xiang M. S. et al., 2015a, MNRAS, 448, 822
Xiang M. S. et al., 2015b, RAA, 15, 1209X
Xiang M. S. et al., 2017a, MNRAS, 464, 3657
Xiang M. S. et al., 2017b, ApJS, 232, 2
Xiang M. S. et al., 2017c, MNRAS, 467, 1890X
Xiang M. S. et al., 2018, ApJS, 237, 33
Yanny B., Newberg H. J., Johnson J. A., et al., 2009, ApJ, 700,
1282
York D. G., et al. 2000, AJ, 120, 1579
Yuan H.-B. et al., 2015, MNRAS, 448, 855
Zacharias, N., Finch, C. T., Girard, T. M., et al., 2013, AJ, 145, 44
Zhao G., Chen Y. Q., Shi J. R., et al. 2006, ChJAA, 6, 265Z
Zhao G., Zhao Y. H., Chu Y. Q., et al., 2012, RAA, 12, 723
c© 2017 RAS, MNRAS 000, 1–15
